Ilillllliillliiilililill 

(11) EP1 103 926 A2 


(12) EUROPEAN PATENT APPLICATION 

(43) Date of publication: (5-I) |ntC17: G07C 3/00 

30.05^001 Bulletin 2001/22 

(21) Application number: 00308192.4 


(22) Date of filing: 20.09.2000 


(64) Designated Contracting States: 

(72) Inventors: 

AT BE CH CY DE DK ES Fl FR GB GR IE XT LI LU 

• Ashby, Malcoim John 

IVIC NL PT SE 

Hamilton, Ohio 45011 (US) 

Designated Extension States: 

• AdIbhatIa, Sridhar 

AL LT LV IVIK RO SI 

West Chester, Ohio 45069 (US) 

(30) Priority: 26.11.1999 US 449773 

(74) Representative: Pedder, James Cuthbert et al 


GE London Patent Operation, 

(71) Applicant: GENERAL ELECTRIC COMPANY 

Essex House, 

Schenectady, NY 12345 (US) 

12/13 Essex Street 


London WC2R 3AA (GB) 


(54) Methods and apparatus lor model-based diagnostics 



Europ3lsches Patentamt 
European Patent Office 
Office europeen des brevets 


(57) Systems (100) and methods for perfomning 
module-based diagnostics are described, (n an exem- 
plary embodiment, sensor values (12) from an actual 
engine plant are input to an engine component quality 
estimator (14) which generates performance estimates 
of major rotating components. Estimated perfomiance 
differences are generating by comparing the generated 
perfomiance estimates to a nominal quality engine. The 
estimated perfomiance differences, which are indicative 
of component quality, are continuously updated and in- 


put to a real-time model (16) of the engine. The model 
receives operating conditional data and the quality es- 
timates are used to adjust the nominal values in the 
model to more closely match the model values to the 
actual plant. Outputs from the engine model are virtual 
parameters, such as stall margins, specific fuel con- 
sumption, and fan/compressor/turbine efficiencies. The 
virtual parameters are combined with the sensor values 
from the actual engine plant in a fault detection and Iso- 
lation classifier (22) to identify abnonmal conditions and/ 
or specific fault classes, and output a diagnosis (108). 
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Description 

[0001] The present invention relates generally to gas 
turbine engines, and more specifically, to diagnosing 
faults in such engines. 

[0002] Gas turbine engines are used in aeronautical, 
marine, and industrial applications. In the aeronautical 
application, gas path or perfomnance related faults are 
typically detected using flight-to-fiight trending. Chang- 
es in sensed parameters are identified between a cur- 
rent flight and a previous flight. If multiple parameters 
are trended, then the pattern in the changes may be suf- 
ficiently distinct to allow classification (i.e., diagnosis) as 
a specific fault. With flight-to-flight trending, data scatter 
may occur, and such data scatter may be of a same or- 
der of magnitude as the fault effects to be identified. 
[0003] According to a first aspect of the invention, 
there is provided a system for monitoring engine per- 
fonmance, said system comprising: 

an engine model: 

a component quality estimator coupled to said en- 
gine model; and 

a fault detection and isolation classifier coupled to 
said engine model and to said component quality 
estimator. 

[0004] The model may comprise a component level 

model of an engine. 

[0005] The component quality estimator may com- 
prises a linear regressor. 

[0006] The fault detection and isolation classifier may 
comprise a feed-forward neural network. 
[0007] The f au It detection and isolation classifier may 
comprise a linear regressor. 

[0008] The engine component quality estimator may 
generate perfomiance estimates, and the model may 
generate virtual parameters based on the perfomnance 
estimates and engine operating conditions. 
[0009] The fault detection and isolation classifier may 
identify fault conditions based on the virtual parameters 
and engine sensor values. 

[0010] The engine virtual parameters may be sub- 
tracted from engine sensor values to generate sensor 
deltas supplied to said fault detection and isolation clas- 
sifier. 

[0011] Reference sensor deltas may be generated 
and may be compared to later obtained sensor deltas 
to generate sensor delta-deltas supplied to the fault de- 
tection and Isolation classifier. 

[001 2] The model may generate virtual sensor values 
based on engine operating conditions, and the compo- 
nent quality estimator may generate quality estimates 
based on the virtual sensor values and engine sensor 
values. 

[0013] The engine component quality estimator may 


generate an Initial quality estimate and a final quality es- 
timates, and the initial and final quality estimates may 
be compared to generate a delta quality supplied to the 
fault detection and isolation classifier. 
5 [0014] According to a second aspect of the invention, 
there is provided a method for monitoring engine per- 
formance, said method comprising the steps of: 

supplying engine operating conditions to an engine 
10 model; 

supplying engine sensor values to an engine com- 
ponent quality estimator; and 

IS generating a fault detection based at least in part 
on engine model outputs, and at least in part on es- 
timator outputs. 

[0015] The method may further comprise the step of 
20 supplying the estimator outputs to the engine model. 
[0016] The engine model may generate sensor esti- 
mates, and the method may further comprise the step 
of generating sensor deltas by comparing the sensor es- 
timates to engine sensor values. 
25 [0017] The method may further comprise the step of 
supplying the engine model outputs to the engine com- 
ponent quality estimator. 

[001 8] The method may further comprise the steps of: 

30 operating the engine component quality estimator 
to generate an initial quality estimate and a final 
quality estimate; and 

comparing the initial quality estimate to the final 
35 quality estimate to generate a delta quality. 

[0019] The engine model may generate sensor esti- 
mates, and the method may further comprise the steps 
of: 

40 

generating a reference sensor delta by comparing 
the sensor estimates at a first operating point; 

generating a current sensor delta at a second op- 
45 erating point; and 

generating a sensor delta-delta by comparing the 
reference sensor delta to the current sensor delta. 

50 [0020] According to a third aspect of the invention, 
there is provided a method for monitoring engine per- 
fomiance, said method comprising the steps of: 

generating a reference sensor delta by comparing 
55 sensor values with sensor estimates at a first oper- 
ating point; 

generating a current sensor delta at a second op- 
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erating point; 

generating a sensor delta-deita by comparing tlie 
reference sensor delta to the current sensor delta; 
and s 

generating a fault detection based upon the sensor 
delta-deltas. 

[0021] In an exemplary embodiment, sensor values io 
from an actual engine plant are input to an engine com- 
ponent quality estimator which uses regression tech- 
niques to generate perfomnance estimates of major ro- 
tating components, e.g. efficiency and airflow of a fan, 
compressor and turbines. Estimated perfomnance dif- is 
ferences are generating by comparing the generated 
performance estimates to a nominal quality engine. The 
estimated performance differences, which are indicative 
of component quality, are continuously updated and in- 
put to a real-time model of the engine. The model re- 20 
ceives operating conditional data and the quality esti- 
mates are used to adjust the nominal values in the mod- 
el to more closely match the model values to the actual 
plant. Outputs from the engine model are virtual param- 
eters, such as stall margins, specific fuel consumption, 
and fan/compressorAurbine efficiencies. The virtual pa- 
rameters are combined with the sensor values from the 
actual engine plant in a fault detection and isolation clas- 
sifier, such as a linear regressor or a neural network, to 
identify abnormal conditions and/or specific fault class- 30 
es, and output a diagnosis. 

[0022] The invention will now be described in greater 
detail, by way of example, with reference to the draw- 
ings, in whlch:- 

35 

Figure 1 illustrates an absolute value - model based 
diagnostic system; 

Figure 2 illustrates a physics based nonlinear model 
of a turbofan engine; 40 

Figure 3 illustrates a neural network fault detection 
and isolation classifier; 

Figure 4 illustrates a linear regressor fault detection 
and Isolation classifier; 

Figure 5 illustrates a sensor delta - model based di- 
agnostics system; 

so 

Figure 6 illustrates a components quality delta - 
model based diagnostics system; and 

Figure 7 illustrates a sensor delta-delta - model 
based diagnostics system. ss 

[0023] An exemplary embodiment of a system 1 0 for 
perfomning model-based diagnostics is illustrated in Fig- 


ure 1 . More specifically, and referring to Figure 1 , sensor 
values 12 from an actual engine plant are input to an 
engine component quality estimator 14. Estimator 14 
uses regression or other system identification tech- 
niques to produce perfomiance estimates of major ro- 
tating components, e.g. efficiency and airflow of a fan, 
compressor and turbines. Estimated performance dif- 
ferences are generating by comparing the generated 
perfonnance estimates to a nominal quality engine. The 
estimated perfonnance differences, which are indicative 
of component quality, are continuously updated and in- 
put to a real-time model 16 of the engine. Model 16 re- 
ceives operating conditional data 1 8 and the quality es- 
timates are used to adjust the nominal values in model 
1 6 to more closely match the model values to the actual 
plant. Outputs from engine model 1 6 are virtual param- 
eters 20, such as stall margins, specific fuel consump- 
tion, and fan/compressor/turbine efficiencies. Virtual pa- 
rameters 20 are combined with sensor values 1 2 from 
the actual engine plant In a fault detection and isolation 
classifier 22, such as a linear regressor or a neural net- 
work, to identify abnomnal conditions and/or specific 
fault classes and output a diagnosis 24. 
[0024] In a specific embodiment of engine component 
quality estimator 14, input vector x, representative of 
measured and modeled values of rotor speeds, temper- 
atures, and pressures, is nonmalized and multiplied by 
a regressor matrix R, to obtain a vector of normalized 
componentquality estimatesy (e.g., changes in efficien- 
cy and flow modifiers for the fan, booster, compressor, 
high pressure turbine, and low pressure turbine): 

A A — 

y= xR 

where, 

i={x-x)/Xs 

where, 

X andy are mean values ofxandy, respectively 
Xg andy^ are scale factors for x andy respectively 

[0025] The regressor matrix R Is generated by a 'train- 
ing' process. In the training process, a large number of 
engines of specified and/or random component quality 
are simulated, and the resulting sensor values are ob- 
tained. In addition, a nominal engine or 'model' is run at 
the same operating conditions (altitude, mach number, 
total Inlettemperature, power-setting parameter such as 
fan speed, and bleed setting, for example) as the engine 
simulation. The number of engines simulated is n. the 
number of component quality parameters is p, the 
number of engine sensor values is a, and the number 
of nominal engine sensor or 'model' values is b. Then, 
a multiple linear regression solution provides the regres- 
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sor matrix R using: 


where X and Y are r)ormaUzed values of X and Y 
obtained by the use of mean values and scale factors 
fust like X andy above and, 

Xis an {en-b) by n matrix of sensor and model values io 

Y is a p by n matrix of simulated component quality 
variations 

\ Is the pseudo-inverse operator denoting a least- 
squares solution to Y=XR 

[0026] In a typical implementation, data is collected at 
a single operating condition, or even a multiplicity of op- 
erating conditions or even operating regimes (such as 20 
takeoff, climb, and cruise). In another embodiment, es- 
timator is a nonlinear estimator such as a neural net- 
wori<, rather than a linear regressor 
[0027] The linear regressor described above is a one- 
time or "snapshot" approach for estimating component 2s 
health. For a continuous update, the regressor is re- 
placed by a proportional plus integral (PI) regulator. 
Nominally, the proportional and integral gain matrices 
are set equal to the regressor matrix. However, these 
matrices can be modified, for instance by multiplying by 30 
a constant that can be tuned, to modify regulator per- 
formance. 

[0028] Model 1 6 of the plant, or engine, is used to es- 
timate sensed parameters such as rotor speeds, tem- 
peratures, and pressures, given environmental condi- 35 
tions, power setting parameters, and actuator positions 
as input. Model 16 is, for example, a physics-based 
model, a regression fit, or a neural-net model of the en- 
gine. In an exemplary embodiment, model 16 is a phys- 
ics-based aerothermodynamlc model of the engine. <o 
This type model is referred to as a Component Level 
Model (CLM) because each major component in the en- 
gine (e.g., fan, compressor, combustor, turtDines, ducts, 
and nozzle) is individually modeled, and then the com- 
ponents are assembled Into the CLM. 
[0029] Figure 2 Illustrates components of engine 
model 1 6. As shown In Figure 2, model 1 6 includes an 
air inlet 50 and a fan 52 downstream from inlet 50. Model 
16 also includes, in series flow relationship, a booster 
54, a compressor 56, a burner 58, and a high pressure so 
turbine 60, and a low pressure turbine 62. Exhaust flows 
from a core nozzle 64, which Is downstream from low 
pressure turi^ine 62. Air also is supplied from fan 52 to 
a bypass duct 66 and to a bypass nozzle 68. Exhaust 
flows from bypass nozzle 68. ss 
[0030] The CLM Is a fast running transient engine cy- 
cle representation, with realistic sensitivities to flight 
conditions, control variable inputs and high-pressure 


compressor bleed. The CLM is tuned to match actual 
engine test data both for steady-state and transient op- 
eration. 

[0031] A specific embodiment of fault detection and 
isolation classifier 22 is Illustrated in Figure 3. Engine 
sensor values 12 and model parameters 20 are input to 
a feed-forward neural network 80. Outputs from neural 
network 80 include indicators for fault paths 82 appro- 
priate to each engine rotating component as well as a 
no-fault path 84. Network 80 is trained on large sets of 
engine/model data that includes effects of engine qual- 
ity, deterioration, sensor bias, and operating conditions. 
These data sets include predominantly unfaulted data 
as well as representative sets of engine/model data for 
each fault to be classified. 

[0032] An alternate embodiment of fault detection and 
isolation classifier 22 is illustrated in Figure 4. Engine 
sensor values 12 and model parameters 20 are input to 
a linear regressor 90. Regressor 90 is similar to the re- 
gressor described above, except that the training' data 
includes simulated unfaulted engines as well as simu- 
lated engines with specific faults of varying magnitudes. 
[0033] System 1 0 described above provides the ad- 
vantage that it does not rely on prior knowledge or col- 
lection of data from a prior operating condition. System 
1 0 therefore is suited for diagnosing pre-existing faults, 
i.e. faults that are present when the engine is initially 
started. An example of a pre-existing fault Is a variable 
stator vane misrigging. 

[0034] Figure 5 Illustrates a sensor delta - model 

based diagnostics system 100. Components / process- 
ing in system 100 identical to components / processing 
in system 10 are identified in Figure 5 using the same 
reference numerals as used in Figure 1 . Referring now 
specifically to Figure 5, sensor values 1 2 from the actual 
engine plant are input to component quality estimator 
14. Estimator uses regression or system identification 
techniques to produce perfomriance estimates of the 
major rotating components, e.g. efficiency and airflow 
of the fan, compressor and turtslnes, which are relative 
to a nominal quality engine. These estimated perform- 
ance differences, which are indicative of the quality of 
these components, are input one time, typically at the 
beginning of a flight to a real-time model 16 of the en- 
gine. 

[0035] Model 16 receives the same operating condi- 
tional data 1 8 as the actual engine plant, and the quality 
estimates are used to adjust the nominal values in mod- 
el 1 6 in order to more closely match those of the actual 
plant. It Is assumed at this time that the actual engine 
plant Is unfaulted. Outputs from engine model 16 are 
estimates of the engine sensors 102. Computed sensor 
values 102 are deducted 104 from the actual engine 
sensor values 12 to produce sensor deltas 106. Deltas 
1 06 should nomially be close to zero for a no-fault con- 
dition. When a fault occurs the actual engine sensor val- 
ues 12 will change, but the model computed sensors 
102 will not. As a result, the values of the sensor deltas 
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106 will change. Sensor deltas 106, together with the 
engine operating conditions 1 8, are then input to fault 
detection and Isolation classifier 22 such as a neural net- 
work or linear regressor, to identify abnonmal conditions 
and/or specific fault classes and output a diagnosis 1 08. 
[0036] System 1 00 provides the advantage that mod- 
el 16 is adjusted to account for sensor bias effects and 
engine component quality. An accurate quality estima- 
tion from estimator 14 is needed In order to determine 
the sensor deltas 1 06. 

[0037] Figure 6 illustrates an estimated quality deltas 
model-based diagnostic system 200. Components / 
processing in system 200 which are identical to compo- 
nents / processing in system 10 are Identified In Figure 
6 using the same reference numerals as used In Figure 
1 . Referring now specifically to Figure 6, sensor values 
12 from the actual engine plant together with estimated 
sensor values 20 from model 16 of a nominal (new, un- 
f auited) engine are Input to a component quality estima- 
tor 14. Sensor and model values from a multiplicity of 
operating condition are used. In this embodiment, data 
1 8 from two engine operating conditions, e.g., pre-f light 
ground idle and takeoff, are utilized In component quality 
estimator 14 to produce an initial (pre-f light) quality es- 
timate 202 of the major rotating components, e.g. effi- 
ciency and airflow of the fan, compressor and turbines. 
This process is repeated at the end of the flight by using 
inflight data such as the iast high power data set (before 
descent) and post-flight ground idle 1 8 from the engine 
sensors 1 2 and the associated model computed sensor 
data 20. The resulting output from the component qual- 
ity estimator 14 produces a final (post-flight) quality es- 
timate 204. Component quality estimator 1 4 is the same 
estimator as used pre-fllght except the gains used In 
post-flight are modified due to the difference In operating 
conditions at which the data is collected. 
[0038] A difference 206 between final quality estimate 
204 and initial quality estimate 202 is detennined. A del- 
ta change In quality 208 Is then be assessed in fault de- 
tection and isolation classifier 22, such as a neural net- 
work or linear regressor, to identify abnonmal conditions 
and/or specific fault classes and output a diagnosis 21 0. 
[0039] System 200 directly identifies engine quality 
changes, which facilitates significantly reducing the 
complexity of diagnostic classification assessment. The 
absolute values of the individual quality estimates need 
not be accurate, only consistent, since the resulting del- 
ta quality (i.e., quality value 208) is indicative of the fault 
effects. 

[0040] Figure 7 Illustrates a sensor delta-delta model- 
based diagnostic system 300. Components / processing 
in system 300 which are Identical to components / 
processing in system 10 are identified in Figure 7 using 
the same reference numerals as used in Figure 1. Re- 
fening now specifically to Figure 7, a real-time engine 
model 16 is run to the same operating conditions 18 as 
the actual engine plant. Model 16 represents a nominal 
unf auited engine, or optionally it could be updated at the 


beginning of a flight with quality adjustments 302 from 
a component quality estimator. The outputs from real- 
time engine model 16 are estimates of engine sensors 
304. These estimates are compared (e.g., subtracted) 
s 306 with actual sensor values 1 2 from the engine plant 
and deltas (e.g., delta 1 and delta 2) are detennined. 
The engine plant is assumed to be unfaulted and the 
deltas can therefore be considered as a reference (nor- 
mal) set 308. 

10 [0041] During flight, as engine operating conditions 
18 change, new estimated sensor values 310 are com- 
puted by real-time engine model 1 6. The associated ac- 
tual engine sensor values 1 2 can then be compared 31 2 
with estimates 31 0 to compute new (current) deltas 31 4. 

IS If the engine is still unfaulted, current deltas 314 will be 
similar to initial reference deltas 308 and a change 316 
in deltas, or delta-deltas 31 8, will be close to zero. When 
a fault occurs current deltas 314, a change relative to 
the reference deltas 31 6 produces non-zero delta-del- 

20 tas 31 8. Delta-deltas 318 can then be Input together with 
engine operating conditions 18 to fault detection and 
isolation classifier 22, such as a neural network or linear 
regressor, to identify abnomiat conditions and/or specif- 
ic fault classes and output a diagnosis 320. Engine op- 

25 erating conditions 18 are utilized in the classifier since 
the effect of engine faults may not constant throughout 
the flight envelope. 

[0042] System 300 improves upon system 1 00 in that 
in system 300, residual effects of sensor bias and com- 

so ponent quality that are not accounted for by the model 
adjustments in system 1 00 are be negated by the delta- 
delta detemnination in system 300. 
[0043] While the invention has been described in 
temis of various specific embodiments, those skilled in 

35 the art will recognize that the invention can be practiced 
with modifcation within the spirit and scope of the 
claims. 


40 Claims 

1 . A system (1 0) for monitoring engine perfomnance, 
said system comprising: 

45 an engine model (1 6): 

a component quality estimator (14) coupled to 
said engine model; and 

so a fault detection and isolation classifier (22) 

coupled to said engine model and to said com- 
ponent quality estimator. 

2. A system (10) in accordance with Claim 1 wherein 
S5 said model comprises a component level model 

(16) of an engine. 

3. A system (10) in accordance with Claim 1 or 2 
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wherein said component quality estimator (14) 
comprises a linear regressor. 

4. A system (10) in accordance with Claim 1 , 2 or 3, 
wherein said fault detection and isolation classifier s 
(22) comprises a feed-forward neural network (80). 

5. A system (10) in accordance with Claim 1 , 2 or 3, 
wherein said fault detection and isolation classifier 
(22) comprises a linear regressor (90). io 

6. A system (10) in accordance with any preceding 
Claim wherein said engine component quality esti- 
mator (14) generates perfonnance estimates, and 
said model (16) generates virtual parameters (20) is 
based on the perfomnance estimates and engine 
operating conditions. 

7. A system (10) in accordance with Claim 6 wherein 
said fault detection and isolation classifier (22) iden- 20 
tifies fault conditions based on said virtual parame- 
ters (20) and engine sensor values (12). 

8. A system (1 00) in accordance with Claim 6 wherein 
said engine virtual parameters are subtracted from 25 
engine sensor values (1 02) to generate sensor del- 
tas (106) supplied to said fault detection and isola- 
tion classifier (22). 

9. A system (300) in accordance with Claim 8 wherein so 
reference sensor deltas (308) are generated and 
are compared to later obtained sensor deltas (308) 

to generate sensor delta-deltas (318) supplied to 
said fault detection and isolation classifier (22). 

35 

10. A system (10) in accordance with Claim 1 wherein 
said model generates virtual sensor values (20) 
based on engine operating conditions, and said 
component quality estimator (14) generates quality 
estimates based on said virtual sensor values and 40 
engine sensor values (12). 
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